Abstract-Recently, large-scale spectrum measurements show that geo-location spectrum databases, as recommended by regulators (e.g., FCC, Ofcom, ECC) for TV white space (TVWS) discovery are notoriously inaccurate in Metropolitan areas because of inaccurate TV channel propagation models they adopted. To counter this challenge, we propose a cloud-based crowd-augmented spectrum mapping scheme. Our scheme aims to build accurate geo-location database in Metropolitan areas with high spatial resolution under minimum cost by jointly utilizing superior computing capacity of cloud servers, abundant spectrum sensing data from crowd of mobile white-spaces device (WSD) users and the well-established geo-statistical techniques. More specifically, our spectrum mapping scheme consists of three interdependent components (1) opportunistic mobile spectrum sensing, which exploits the high spatial diversity of mobile users along with low-cost embedded spectrum measuring solution to retrieve power spectrum density (PSD) information of the TV channels in a large Metropolitan region; (2) cloud-based geo-statistical spectrum mapping, which estimates PSD at unknown geographic locations by utilizing the abundant PSD data aggregated at the cloud server consisting of geo-statistical analysis and interpolation tools; (3) optimal spatial sampling, which further augments the accuracy of the spectrum map by selecting the optimal locations, at which additional spectrum sensing measurements are obtained to minimize the spectrum mapping error. To verify the performance of the proposed scheme, an experiment is conducted in our university campus. The experiment result shows that our proposed scheme can discover more spectrum opportunities than the information reported by commercially available geo-location spectrum databases.
Abstract-Recently, large-scale spectrum measurements show that geo-location spectrum databases, as recommended by regulators (e.g., FCC, Ofcom, ECC) for TV white space (TVWS) discovery are notoriously inaccurate in Metropolitan areas because of inaccurate TV channel propagation models they adopted. To counter this challenge, we propose a cloud-based crowd-augmented spectrum mapping scheme. Our scheme aims to build accurate geo-location database in Metropolitan areas with high spatial resolution under minimum cost by jointly utilizing superior computing capacity of cloud servers, abundant spectrum sensing data from crowd of mobile white-spaces device (WSD) users and the well-established geo-statistical techniques. More specifically, our spectrum mapping scheme consists of three interdependent components (1) opportunistic mobile spectrum sensing, which exploits the high spatial diversity of mobile users along with low-cost embedded spectrum measuring solution to retrieve power spectrum density (PSD) information of the TV channels in a large Metropolitan region; (2) cloud-based geo-statistical spectrum mapping, which estimates PSD at unknown geographic locations by utilizing the abundant PSD data aggregated at the cloud server consisting of geo-statistical analysis and interpolation tools; (3) optimal spatial sampling, which further augments the accuracy of the spectrum map by selecting the optimal locations, at which additional spectrum sensing measurements are obtained to minimize the spectrum mapping error. To verify the performance of the proposed scheme, an experiment is conducted in our university campus. The experiment result shows that our proposed scheme can discover more spectrum opportunities than the information reported by commercially available geo-location spectrum databases.
I. Introduction
Over the last few years wireless data traffic has drastically increased due to change in the way today's society creates, shares, and consumes information. This change has been accompanied by an increasing demand for high speed wireless communication anywhere, anytime. Towards this goal, spatio-temporal spectrum utilization has to be dramatically improved by discovering and utilizing more underutilized spectrum bands. In particular, regulatory bodies (e.g., FCC, Ofcom, ECC) have adopted a new dynamic spectrum access scheme, namely TV white space (TVWS) communication, which allows the unlicensed users (secondary users) to occupy the locally unoccupied licensed TV spectrum bands without causing interference to licensed users (primary users).
As recommended by regulators e.g., FCC, Ofcom, and ECC [1] , the geo-location databases allow the secondary device to contact the regulator-approved databases, e.g., Google spectrum database [2] , to obtain the available TVWS bands at any specific location. However, recently large-scale spectrum measurements (in Hong Kong [3] and New York [4] ) show that geo-location databases are notoriously inaccurate in Metropolitan areas by missing a large number of available TVWS channels. This wastes lots of spectrum opportunities in those urban areas, where high spectrum demands are expected. Such deteriorated performance of geo-location databases is due to the inaccurate TV channel propagation models (e.g., FCC 66602 model) they adopted. Those models use TV transmitter location, height, and the maximum power to estimate the received signal strength at a particular location without accurately characterizing the severe shadowing and fading effects in Metropolitan areas.
To increase the detection accuracy, measurementaugmented geo-location databases [4] [5] are recently proposed, which rely on refining the propagation models by spectrum sensing measurements collected by some dedicated vehicles [4] or public transport systems (e.g., Buses) [5] which were equipped with spectrum sensing devices. However, those geo-location databases still face fundamental limitations. Their performance enhancements are relying on the measurements from spectrum sensing vehicles, which can only travel to limited number of locations. Thus, it will be cost prohibitive for them to provide high spatial-resolution spectrum map covering the entire metropolitan areas in either outdoor or indoor environments.
To counter this challenge, we propose a cloudbased crowd-augmented spectrum mapping scheme. Our scheme aims to build accurate geo-location database in Metropolitan areas with high spatial resolution under minimum cost by jointly utilizing superior computing capacity of cloud servers, abundant spectrum sensing data from crowd of mobile white-space device (WSD) users and the well-established geo-statistical techniques. More specifically, our spectrum mapping scheme consists of three interdependent components (1) opportunistic mobile spectrum sensing, which exploits the high spatial diversity of mobile users along with lowcost embedded spectrum measuring solution to retrieve the power spectrum density (PSD) information of the TV channels in large Metropolitan region; (2) cloudbased spectrum mapping, which estimates the PSD of unknown geographic locations by utilizing the abundant PSD data aggregated at the cloud server hosting geostatistical tools including Variogram analysis and Krigging interpolation; (3) optimal spatial sampling based on spatially simulated annealing, which augments the accuracy of spectrum map by selecting optimal locations at which additional spectrum sensing is performed by the mobile users so that the global spectrum mapping error is minimized. To verify the performance of our proposed scheme, an experiment is conducted on Wichita State University campus which is located in Wichita urban area. The experiment results show that the proposed scheme can discover more spectrum opportunities than commercially available geo-location spectrum databases.
The reminder of this paper is structured as follows: section II presents the proposed spectrum mapping scheme. Section III details the experimental setting and results over the university campus in an urban region. Section IV concludes the paper.
II. Cloud-based Crowd-augmented Spectrum Mapping
Consider an area of interest A ∈ R 2 , the power spectrum density (PSD) S (x) of a TV channel can be modeled as a Gaussian random field S = (S (x) : x ∈ A), where S (x) is the PSD value at location x with mean E[S] = µ and variance Var[S] = σ 2 . Such model has been verified through both experimental and theoretical analysis [6] [7] [8] [9] and has been widely adopted to characterize the random attenuation (in dBm) caused by flat fading. After sampling at certain locations, the PSD measurements (in dBm) are of the form (x i , y i ) : i = 1, ..., n, where x = {x 1 , ..., x n } are sampling locations within the area A, and Z = {z 1 , ..., z n } (1) are the PSD measurements at these locations. As a result, y can be considered as a realization of measurement process Y, where Y = (Y(x) : x ∈ A) is the noisy version of PSD field S, i.e., The objective of spectrum mapping is to create a PSD map for the area of interest A, where each location on the map is associated with its corresponding PSD. If the PSD is smaller than preset threshold (e.g., -84dBm for digital TV service), then the TV channel is considered as white. Apparently, sampling PSD at every location is impractical and cost-consuming. Towards this, geostatistical methods can be applied for spectrum mapping. By such methods, PSD is only sampled at a limited number of locations and the PSD measurements at these sampling locations are utilized to predict the PSD at other non-sampled locations. The feasibility of geostatistical methods rely on the fact that PSD measurements are spatially correlated, i.e., the PSD values at adjacent locations tend to be similar. It is worth to notice that the well-known geostatistical interpolation technique called Kriging, have been adopted in [10] [11] to build the PSD radio maps. However, they neither address the optimal spectrum mapping problem, nor exploit the spatial diversity of mobile users/sensors for TVWS sensing. Specifically, as the key feature of the proposed crowd-augmented spectrum mapping, the optimal spectrum mapping aims to find the mobile users at the optimal locations to perform PSD measurement in such a way that the global PSD estimation error is minimized. 
A. Key Procedures
As shown in Figure 1 , our proposed scheme utilizes mobile TVWS devices to opportunistically obtain the PSD measurement at different locations. For example, mobile TVWS devices can be cellular phones equipped with IEEE 802.11af (i.e., super-WiFi) module for sensing and transmitting over TV band. Every mobile device (ms i ) will be identified using a unique ID by the spectrum database server. Mobile devices will periodically perform The stored information will be of the form:
where R p (C i ) is PSD of the channel C i and l i is the location coordinate. This information will be uploaded to the spectrum mapping cloud server using Internet infrastructure. We use PostgreSQL with PostGIS extender as the database mechanism to enable the support for storing geographic objects. As shown in Figure  2 , spectrum mapping server has three roles: (1) to store the received spectrum sensing information, (2) to compute the spectrum map (i.e., PSD heatmap) based on the sensing information utilizing variogram analysis and Krigging interpolation, and (3) to determine set of locations for mobile users to perform spectrum sensing based on spatially simulated annealing with an objective to minimize the global PSD estimation error.
B. Mobile Spectrum Sensing
Mobile spectrum sensing is performed by embedded mobile TVWS devices, whose spectrum sensing location can be identified with the help of Internal GPS. In particular, digital TV broadcasting in united states follow ATSC standard which is the scope of our research. ATSC signals contain various features that can be identified through feature detection scheme. The data stream of ATSC signal consists of a 511-symbol long PN sequence on its data stream for every 24.2 ms. ATSC standard uses the 8-level vestigial sideband modulation and this modulated signal is spread over the entire 6-MHz TV channel uniformly with a carrier pilot signal occupying 310 KHz from the lower edge of the channel frequency.
To measure PSD of a particular TV channel, mobile TVWS devices must have the capability to sense the incumbent TV signals over a 6 MHz bandwidth, which is a very costly operation for mobile devices. Since it is much easier to identify the presence and absence of TV signal by only monitoring the received power of the pilot signal, we exploit the PSD of the pilot signal to estimate the PSD of whole 6 MHz TV channel. In particular, it is known that ATSC pilot contributes 0.3 dB of the total signal power thereby making it 11.45dBm lower than the PSD of whole channel. For example, if the pilot signal is measured at -100 dBm, this indicates that PSD of the TV channel over the entire 6 Mhz is -88.55 dBm. Since there is no commercial mobile TVWS devices on the market, we implement our own mobile TVWS device based on USRP E-310 as shown in Figure 3 . USRP E-310 is configured with Ubuntu as its base operating system and Gnuradio for RF signal processing. A python script is created to detect the pilot signal and it computes power spectral density (PSD) based on the signal processing chain shown in Figure 4 and an example of the detected pilot signal is shown in Figure  5 . Calculated PSD is then saved on to a file with channel and geo-location information. This data is then uploaded to our spectrum mapping server, when the spectrum sensing device is within the range of our research WiFi network in the second floor of Jabara Hall at Wichita State University floor where Electrical Engineering and Computer Science department is located. Spectrum mapping server uses PostgreSQL database to store the 
C. Semivariogram Analysis and Fitting
Semivariogram characterizes the correlation between two points in space as a function of the distance between them. Specifically, semivariogram, γ is a function of the expected value of the squared distance between two locations x + h and x, i.e.,
With a set of measurements, an empirical semivariogram can be defined as the sum of squared differences for each observed lag distance h i :
If the spatial random field has constant mean µ, equation (3) is equivalent to the expectation of the squared increment of the values between locations x and y, i.e.,
where γ(x, y) is the semivariogram. Given observations
where N(h) denotes the set of pair of observations i, j such that |x i − x j | = h and |N(h)| is the number of pairs in the set N(h). Based on the PSD values from mobile users, we can construct the empirical semivariogram. Next, we will try to fit the empirical semivariogram with a theoretical one, which will be used for spatial interpolation, i.e., predicting the PSD values at the unmeasured locations based on the PSD values at the measured locations. There are several theoretical models that can be used for fitting such as circular, spherical, exponential, gaussian, stable, etc. In this paper, we adopt the exponential model, which has been experimentally verified to characterize the spatial correlation under the impact of shadowing [6] , i.e., The impact of the model parameters on the shape of the fitted variogram is shown in Figure 6 . τ 2 is known as the nugget variance and is used to model discontinuity around the origin by increasing or decreasing the starting threshold. This parameter helps to model the likelihood of rare things in geological surveys. σ 2 sets the maximum value of the semivariogram and is known as sill. High value of σ increases the level at which the curve flattens out. The parameter φ acts as a scale which has the impact on overall shape of the curve.
Variogram fitting aims to find the best fit parameters (i.e., τ, σ, and φ) of the theoretical semivariogram model in (7), based on the empirical semivariogram in (6) by utilizing various methods such as Maximum Likelihood Esimator (MLE) and Weighted Least Squares (WLS) methods. In particular, by utilizing WLS method, the semivariogram model of the PSD random field of our university campus is shown in Figure 7 .
D. Krigging Spatial Interpolation
Spatial interpolation aims to estimate the value of a variable, (i.e., PSD in our case) at an unmeasured location as a weighted sum of the observed values at surrounding locations. In particular, Krigging is a well-known spatial interpolation scheme developed by french geostatistician Georges Matheron and a African miner D.G Krigie. Krigging method is motivated by the fact that the spatial variation of any continuous attribute is too complex to be modeled by a simple and smooth mathematical function. Hence it is modeled as a random field and the random variable at each location can be expressed as the sum of following components: (1) constant mean or trend for a structural component; (2) random and spatially correlated component called regionalized variable; (3) spatially uncorrelated residual component. More specifically, the random variable Z at location x, i.e.,
where m(x) is structural function indicating the structural component, (x) is stochastic but spatially autocorrelated residual from m(x) and is the random noise having a normal distribution with a mean of 0 and variance σ 2 . In our case, Z(x) in (8) corresponds to the noisy versions of the PSD field S in (2), where m(x) + (x) = S (x) and = N. Assuming that the PSD field S is second order stationary, "Ordinary" Kriging is adopted to predict the unknown value at a new location (Z(x ) from the weighted known values at neighboring locations (x i ) :
To determine the optimal weights (w), we minimize the estimation variance or error σ 2 E :
with
which leads to the following equation:
where µ is the Lagrange parameter and γ() is the semivariogram model in (7) with the best-fit parameters in Figure 7 . Accordingly, by (12), the optimal weight w 1 , ..., w n can be derived.
E. Optimal sampling based on spatially simulated annealing
If the PSD measurements collected from the mobile users are not sufficient, there exists high prediction error in the PSD values at the unmeasured locations defined in (10) . In the following phases, we will sequentially select suitable sets of locations for mobile users to report the new PSD measurements. The accumulation of additional measurements from the previous phase not only help us to gain more knowledge about the expected utility or gain of different user selection choices, but also help us to reduce the the randomness in the predicted PSD values. Based on such refined and growing knowledge, we can choose the best possible mobile users at optimal locations which will have high chance to contribute the most useful measurements in terms of improving the quality of the spectrum map.
Since Krigging method is used for spectrum mapping, as indicated in (12), its estimation error of PSD values heavily depend on sampling pattern or the locations where PSD needs to be measured. In our scheme, given the number of locations to perform additional spectrum sensing, we aim to find the optimal set of locations which can minimize the global estimation error, defined as the average prediction error, i.e., krigging variance, over the whole study area, i.e.,
where L is the sampling scheme, i.e., the locations to measure PSD values; A is the area size and σ 2 E is the krigging variance given in (12). Based on the PSD measurements from mobile users, if the global prediction error is larger than the desired threshold, i.e., φ(L) > GPE th , additional mobile users will be selected to augment the current spectrum map. Moreover, as indicated in (12), evaluation of the global estimation error in (13) only needs the information of to-be-selected locations without requiring the actual PSD measurements at those locations. Thus, if the number of new locations to perform spectrum sensing is N, the optimal spatial sampling is equivalent to finding the optimal spatial configuration or subset of locations x = {x 1 , ..., x N } from all potential locations x A in such a way that the global estimation error is minimized, i.e.,
where L is a set containing the already measured locations. To solve this optimization problem, we apply spatial simulated annealing (SSA), which is an efficient spatial optimization framework that is insensitive to local extremes. By following the SSA framework, we develop fast-convergent random perturbation and search algorithms, which can yield the optimal spatial configuration x over the large state space x A . Consider a set X of sampling patterns consisting of N potential measurement locations x. The optimization process begins with a random sampling pattern x 0 ∈ X. Further, intermediate sampling pattern (x i+1 ) is obtained from the random perturbation sequence x 0 , with a randomly chosen vector h x . The transition probability P(x i → x i+1 ) that x i+1 is accepted is determined by the metropolis criterion:
and t is a positive control parameter, which decreases with the optimization progress. If x i+1 is accepted, it is chosen as the starting point for the next round. The process continues until the disturbances in the samples no longer significantly reduce the objective function φ(.).
III. Experimental Verification
To verify the proposed spectrum mapping scheme, experiment is conducted on the Wichita State University Main Campus consisting of tall buildings and trees as Figure 8 . We choose channel 15 as our target because the location of its TV base station is in our close proximity. The terrain elevation and location of the TV base station is shown in Figure 9 . Initially, we recruited students to carry out mobile TVWS devices around the campus, where a total of 116 random PSD measurement locations are reported as shown in Figure 10 .
Then, we apply the krigging method on the observed data to generate the PSD heatmap. To generate the PSD heatmap over a continuous campus region, we first obtain the border information of the campus using Google Earth KML and the KML is converted to a Shape file which can be used to perform krigging operations. Then, we discretize the campus region by a mesh of grid points with specific resolution. For example, with a resolution of 50 m, we have a total of 116 points for the campus region. Then, we applied the semivariogram analysis and krigging interpolation technique to obtain the estimated PSD value for each grid point along with its corresponding estimation error, i.e., Kriging variance. Finally, the PSD heatmap and estimation error map are plotted as in Figure 12 . It is easy to see that even considering estimation errors, the PSD value of the channel 15 is much smaller than -84 dbm at the central areas of the campus where lots of tall buildings are located. This indicates that the channel 15 can be considered to be white at those central areas, while the commercial geolocation database, e.g., Google spectrum map, reported that the channel 15 is not free in the whole Wichita area.
To further reduce the global estimation error, we apply the proposed optimal spatial sampling scheme to select additional locations to perform spectrum sensing. The resulting new PSD heatmap and corresponding estimation error is shown in Figure 12 . It is shown that in the new PSD heatmap, the estimation errors at lots of locations have been significantly reduced. Such reduced estimation error implies the decreased probability of miss detection and false alarms, which simultaneously helps to avoid the harmful interference to the TV receivers and increase the spectrum access opportunities.
IV. Conclusion
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